Environmental factors strongly influence the success of juvenile fish recruitment and 25 productivity, but species-specific environment-recruitment relationships have eluded researchers 26 for decades. Most likely, this is because the environment-recruitment relationship is nonlinear, 27 there are multi-level interactions between factors, and environmental variability may 28 differentially affect recruitment among populations due to spatial heterogeneity. Identifying the 29 most influential environmental variables may result in more accurate predictions of future 30 recruitment and productivity of managed species. Here, gradient tree boosting was implemented 31 using XGBoost to identify the most important predictors of recruitment for six estuary 32 populations of spotted seatrout (Cynoscion nebulosus), an economically valuable marine 33 resource in Florida. XGBoost, a machine learning method for regression and classification, was 34 employed because it inherently models variable interactions and seamlessly deals with multi-35 collinearity, both of which are common features of ecological datasets. Additionally, XGBoost 36 operates at a speed faster than many other gradient boosting algorithms due to a regularization 37 factor and parallel computing functionality. In this application of XGBoost, the results indicate 38 that the abundance of pre-recruit, juvenile spotted seatrout in spatially distinct estuaries is 39 influenced by nearly the same set of environmental predictors. But perhaps of greater importance 40 is that the results of this study show that this algorithm is highly effective at predicting species 41 abundance and identifying important environmental factors (i.e. predictors of recruitment). It is 42 strongly encouraged that future research explore the applicability of the XGBoost algorithm to 43 other topics in marine and fisheries science and compare its performance to that of other 44 statistical methods. 45 46 YOY spotted seatrout in the seine was recorded (a zero was recorded if none were present), and 132 water quality was assessed with a YSI® water quality meter. Young-of-the-year fish were 133 defined as those less than or equal to 100 millimeters standard length (SL; Murphy et al. 2006 ). 134 Environmental data. -Environmental factors hypothesized to affect adult spawning 135 success and survival and subsequent settlement of YOY spotted seatrout in each area were 136 included in the analysis, when available (Table 1). Factors likely to affect adult spawning success 137 include salinity (at-spawn salinity; Brown-Peterson and Thomas 1988; Saucier and Baltz 1993), 138
Introduction 47
Environmental factors such as ENSO cycles, salinity, and temperature can strongly 48 influence the success of fish recruitment worldwide (Hjort 1914; Cushing 1982) ; however the 49 true environment-recruitment relationship is difficult to identify. Several reasons for this 50 difficulty are described by Rose (2000) and Keyl and Wolff (2008) Nevertheless, identifying environmental variables that are most influential to recruitment 61 and including these sources of variability in the estimation process may yield more accurate 62 estimates of current and future recruitment (Myers 1998) . Moreover, accurate estimates of 63 historical and future recruitment are vital to the sustained productivity of exploited populations 64 because parameters that describe the stock-recruitment relationship are used to calculate 65 biological reference points and fishing mortality targets (Hilborn and Walters 1992) . Moreover, 66 identifying highly influential environmental variables can inform adaptive management 67 strategies that accommodate for changes in the environment. Thus, this task is of paramount 68 importance (Collie et al. 2016) . 69 Such studies are extremely valuable in the quest to identify an environment-recruitment 84 relationship for spotted seatrout in Florida. However, most researchers have employed traditional 85 statistical methods such as generalized linear modeling or correlation analyses, which assume 86 that the environment-recruitment relationship is stationary over time. In contrast, the true 87 relationship may be nonlinear or non-monotonic in nature; thus, the statistical methods used in 88 the aforementioned studies may have resulted in large type I or type II errors (Keyl and Wolff 89 2008) . Additionally, these studies used only short-term data sets and did not exhaustively 90 examine possible temporal lags; thus, the true relationships or temporal lags may have been 91 undetected. To reduce the chance of identifying a spurious environment-recruitment relationship, 92 the underlying mechanism of such relationships must be defined and supported by cross-93 validation, all possible environmental predictors must be screened, and the final relationship 94 must be tested on independent data (Myers 1998; Francis 2006) . 95
The objective of this study was to build predictive models of recruitment for six estuary 96 populations of spotted seatrout in Florida using extreme gradient boosting (XGBoost), a new 97 gradient boosted regression tree algorithm developed by Chen and Guestrin (2016) , to illuminate 98 spatial differences in predictor importance. Gradient Table 2 ). When available, tidally filtered flow rates 177 were preferred over general flow rates if the river was tidally influenced. The Z anomaly, and 178 maximum and minimum T anomalies were obtained for each national climatological division 179 (CD) within which each estuary is located from the National Oceanic and Atmospheric 180 Administration National Centers for Environmental Information (NOAA NCEI; 181 https://www.ncdc.noaa.gov/cag/divisional/ti; Table 2 ). Precipitation data recorded at the weather 182 station with the longest continuous data record and closest to each estuary were also obtained 183 from NOAA NCEI (https://gis.ncdc.noaa.gov/maps/ncei/s; Table 2 ). 184
The attenuation coefficient, DIN (including DIN 1prior), monthly river flow, and 185 monthly precipitation were derived before they were included as environmental variables in the 186 estuary-specific datasets. The attenuation coefficient was not available in the FIM dataset so it 187 was calculated by dividing the Secchi depth recorded concomitantly with every sampling event 188 by 1.7 to obtain the attenuation coefficient, k (Murty 1969 shoreline type) or sampling zone was not and would never be suitable for juvenile spotted 260 seatrout even if it were optimally favorable in terms of other water quality characteristics such as 261 temperature or salinity. A 10% occurrence rate threshold was used for sampling month, and an 262 85% occurrence rate threshold was used for the structural habitat category. For example, if at 263 least one juvenile spotted seatrout was observed only 10% of the time or less within a certain 264 month across all sampling years within an estuary the sampling events performed during those 265 months were removed. Then, if at least one juvenile spotted seatrout was observed only 15% of 266 the time or less within a specific category of bottom vegetation type, bottom type, shoreline type 267 or sampling zone across all sampling years within an estuary, the sampling events performed in 268 those habitat types were also removed. Finally, sampling events where more than 50 juvenile 269 spotted seatrout were captured were lumped together into a 50+ bin. Here, gradient tree boosting was implemented in the R software environment using 296 XGBoost (extreme gradient boosting; R package xgboost [Chen et al. 2018 ]), which is a machine 297 learning method for regression or classification tree boosting that builds many shallow decision 298 trees. Each individual tree describes only a portion of the system but produces a highly accurate 299 rule for prediction when joined in an ensemble (Chen and Guestrin 2016). The XGBoost 300 algorithm is a unique form of gradient tree boosting because decision trees are built to minimize 301 an objective function composed of not only a loss function but also a regularization factor that 302 prevents tree over-fitting (Chen and Guestrin 2016) . Additionally, the XGBoost algorithm works 303 in parallel among all available computing cores in combination with the regularization factor to 304 produce a prediction rule faster than most other tree boosting methods (Chen and Guestrin 2016). 305
XGBoost has been used in the ecological literature to forecast bird migration and identify fishing 306 vessel type based on vessel monitoring system trajectories in the East China Sea (Huang et al. 307 2018; Van Doren and Horton 2018). 308
Each estuary-specific dataset was randomly shuffled and split into to a training and 309 testing dataset using a 70%/30% split, where 70% of each shuffled dataset was used to train the 310 XGBoost prediction rule, and the remaining 30% was withheld and used to test the decision rule. 311
The 70%/30% ratio is commonly used to split datasets and is supported by validation studies 312 Next, the combination of environmental predictor variables that produced the lowest 329 mean absolute error (MAE) between the observed and predicted count observations was 330 determined with recursive variable addition. The datasets were stripped of all environmental 331 predictor variables except for salinity and temperature. The data were shuffled, and the training 332 procedure described above was used to determine a decision rule. Additional environmental 333 predictor variables were added to the dataset one at a time, in the order of importance defined by 334 the XGBoost algorithm in the previous step. A decision rule was reproduced after every variable 335 addition and applied to the withheld data to predict a new series of count data. Mean absolute 336 error and mean error (ME) were also calculated after the addition of each variable to explore the 337 accuracy and bias, respectively, of each decision rule ( Figure 2 ). In contrast, YOY fish were less abundant in Cedar Key and northeast Florida 360 where only one individual was captured per sampling event on average (Table 3; Figure 2 ). 361
Observations of salinity, water temperature, dissolved O2, depth, precipitation, Z 362 anomaly, and maximum and minimum temperature were available for nearly every sampling 363 event in each estuary (Table 3 ). River flow rates were missing for a small portion of the sampling 364 events in northeast Florida and the Indian River Lagoon due to either missing river gauge 365 observations or data that did not span the entire sampling timeframe. In contrast, the attenuation 366 coefficient was calculable only 38% of the time, on average, because of frequent sampling in 367 shallow areas where the Secchi disk remained visible when it reached the bottom (Table 3) Table 4  396 for a list of variables providing gain values greater than 0.01). Salinity, temperature, depth, and 397 dissolved O2 exhibited the greatest gains in predictive performance for all areas. River flow 398 during the previous autumn was the most important predictor variable for Cedar Key, and 399 monthly flow of the closest river was among the top ten most important predictor variables for 400 all areas. Precipitation and the Z anomaly were also among the top ten most important predictors 401 for all areas except for northeast Florida and the Indian River Lagoon where the Z anomaly 402 provided a gain of less than 0.05 (Table 4; Figure 3 ). 403
In Apalachicola, the top ten most important environmental predictors were salinity (gain 404 = 0.17), water temperature (gain = 0.15), dissolved O2 (gain = 0.14), depth (gain = 0.07), 405 attenuation coefficient (gain = 0.06), river flow (gain = 0.05), minimum temperature anomaly 406 (gain = 0.05), Z anomaly (gain = 0.04), average river flow during the previous autumn (gain = 407 0.03), and precipitation (gain = 0.03). In addition, precipitation during the previous autumn and 408 winter seasons, maximum temperature anomaly, winter river flow, and sampling year and month 409 provided a combined gain of 0.12 (Table 4; Figure 3 ). In Cedar Key, the top ten most important 410 environmental predictors were average river flow during the previous autumn (gain = 0.14), 411 dissolved O2 (gain = 0.14), salinity (gain = 0.11), depth (gain = 0.11), temperature (gain = 0.09), 412
year (gain = 0.08), attenuation coefficient (gain = 0.07), river flow (gain = 0.05), precipitation 413 (gain = 0.04), and Z anomaly (gain = 0.03). In addition, maximum and minimum temperature 414 anomalies, river flow of all rivers, sampling month, average river flow during the previous 415 autumn and winter, average maximum temperature anomaly during the previous autumn and 416 winter, and average Z anomaly during the winter provided a combined gain of 0.13 (Table 4 ; 417 The mean absolute error between the observed and predicted count data in all estuaries 448 indicated good predictive performance by the XGBoost decision rule. The XGBoost algorithm 449 produced a decision rule predicted the count data distribution more accurately that the GLMs 450 (MAE = 2.15 vs 3.19 for AP; 0.90 vs 1.08 for CK; 2.75 vs 3.23 for TB; 1.56 vs. 1.99 for CH; 451 0.53 vs 0.71 for JX; 1.96 vs 2.37 for IR; Table 5 ). However, the distributions were slightly more 452 biased (higher ME) than those produced by the GLMs (0.90 vs -0.94 for AP; 0.53 vs 0.09 for 453 CK; 1.06 vs 0.04 for TB; 0.60 vs -0.18 for CH; 0.48 vs -0.02 for JX; 0.8 vs -0.11 for IR; Table  454 5). Flow rate of the closest river offered greater gain than the average flow rate of all rivers 498 for each estuary with one exception. Average nutrient and water quality conditions in estuaries 499 are influenced by water circulation which is controlled by tides, winds, and the salinity gradient 500 between the less saline freshwater and the resident salt water (Mann and Lazier 2013). As such, 501 estuarine water quality may remain heterogeneous even when the average flow rate of all rivers 502 increases. For example, the Indian River Lagoon is long and narrow and has relatively sluggish 503 wind driven circulation with limited tidal flushing. Therefore, while portions of the Indian River 504 Lagoon may suddenly receive increased nutrient-laden freshwater, other areas and the 505 surrounding flora and fauna may remain unaffected (Sigua and Tweedale 2003) . Additionally, 506 major salinity gradients limit the circulation among Tampa Bay's four major segments, thus, the 507 nutrient-laden freshwater flowing into the northern portion of the bay may not necessarily result 508 in a net increase in nutrients in the lower portions of the bay (Greening and Janicki 2006) . 509 Therefore, the flow rate of the river closest to the capture location or home range of a pre-recruit 510 or juvenile spotted seatrout is more influential to the surrounding water quality and nutrient 511 conditions than the average flow rate of all rivers to an estuary. 512
In contrast, the average flow of both rivers in Cedar Key (Suwannee River and 513
Waccasassa River) during the previous autumn was the most important environmental predictor 514 variable. We hypothesize that this result occurred because the average flow rate of the Suwannee 515 River (which flows at the second highest rate of all rivers in Florida) from 1996 through 2015 516 (8175 f 3 /s) was nearly 33 times that of the Waccasassa River (245 f 3 /s) therefore, the juvenile 517 spotted seatrout that were captured closer to the mouth of the Waccasassa River in the southern 518 portion of the Cedar Key sampling area were influenced by freshwater from both the Suwannee 519 River and the Waccasassa River. The results from Purtlebaugh and Allen (2010) corroborate our 520 findings. They found that spotted seatrout in the southern portion of the Cedar Key sampling area 521 were strongly influenced by freshwater from the Suwannee River. However, the seasonal lag 522 contrasts with that identified by Purtlebaugh and Allen (2010), who found that river flow from 523
March through May explained most of the variation in spotted seatrout abundance. This current 524 study evaluated average flow rates from only October through December and January through 525
February. Our results may be more comparable had we evaluated average flow rates from March 526 through May, as evaluated in Purtlebaugh and Allen (2010). Average flow rates of the Suwannee 527 and Waccasassa Rivers peak between February and April, and a smaller peak occurs between 528
August and October (Purtlebaugh and Allen 2010); thus, it is unclear why the average winter 529 flow rate, which includes the month of February in this study, was less important. One 530 hypothesis is that the influx of nutrient-laden freshwater in autumn sets the stage for the 531 productivity of the Cedar Key estuary in the coming year by affecting upper level productivity 532 and spawning stock health. However, future studies are necessary to explore a link between 533 autumn conditions and juvenile spotted seatrout abundance in Cedar Key. 534
In general, river flow is strongly influenced by precipitation and drought. Although 535 decreased precipitation during drought conditions may result in decreased river flow rates, the 536 two variables may not always correlate. In Florida, minimum flow and water levels of major 537 water resources are maintained by water management districts to mitigate the effects of water 538 withdrawals, and conversely, to prevent flooding (Olexa et al. 2017 ). While patterns of increased 539 precipitation or short-term drought conditions may alter salinity gradients or the distribution and 540 availability of essential nursery habitat, precipitation and drought cycles are not directly 541 responsible for the influx of nutrients to the estuaries. Therefore, both precipitation and drought, 542 while among the ten most important variables, were less important than river flow in all 543
estuaries. 544
The importance of several environmental predictors varied among estuaries. In Tampa 545 Bay, total dissolved inorganic nitrogen as well as chlorophyll a were more important than river 546 flow, as excess nutrients from agricultural runoff or increased river flow stimulate plant growth 547 and can induce oxygen-depleting, algal blooms that may result in hypoxic or anoxic conditions. 548
In addition, increased nutrients can induce a shift from macrophyte to phytoplankton or algal-549 based communities (Sigua and Tweedale Light attenuation, which is partially a function of phytoplankton biomass, turbidity and 564 eutrophication affects the distribution and abundance of seagrass, which is important habitat 565 structure for pre-recruits and juvenile fish (Flaherty-Walia et al. 2015) . In addition, light 566 availability affects the distribution and abundance of benthic macro-algae which is a basal 567 resource for many estuarine species including juvenile spotted seatrout (Burghart et al. 2013 ). An 568 attenuation coefficient was not calculated if the Secchi disk was still visible at the bottom of the 569 water column; thus, sampling events in deeper, less clear water were more likely to have an 570 associated attenuation coefficient than those in shallower, clearer water. XGBoost decision rule for any estuary dataset on which they were evaluated. While temperature 587 and salinity affect spawning success in spotted seatrout (Kupschus 2004) , the relationship 588 between these variables and juvenile abundance was not captured by the XGBoost decision rule, 589 which is likely a result of the limited observations and generalizations in supposed spawning 590 areas, timing and average environmental conditions in spawning grounds. 591
While the tolerance of the XGBoost algorithm to missing values requires further 592 investigation, the XGBoost algorithm produced a decision rule that predicted the count 593 distribution more accurately than a traditional GLM. The use of gradient boosting in the fisheries 594 and marine ecology literature has increased over the past ten years. A Google Scholar search to 595 find articles with the words "fish", "marine" and the exact phrase "gradient boosting" published 596 between 2008 and 2012 yielded 142 results, while the same search for articles published between 597 2013 and 2018 yielded 316 results. As the XGBoost algorithm is new to the machine learning 598 literature, there are few published studies in the fields of fisheries or marine ecology that detail 599 XGBoost usage. A Google Scholar search to find articles with the words "fish", "marine", and 600 "XGBoost" published between 2014 and 2018 yielded 6 results, but the results of this study 601
show that this algorithm has strong predictive power when evaluating species abundance and 602 identifying important environmental factors. It is strongly encouraged that future research 603 explore the applicability of the XGBoost algorithm to other topics in marine and fisheries science 604 and compare its performance to that of other statistical methods. 605
This study showed that the abundance of pre-recruit, juvenile spotted seatrout in spatially 606 
